Recent work in transport research has increasingly tried to broaden out beyond traditional areas such as mode choice or car ownership and has tried to position travel decisions within the broader life context. However, while important progress has been made in terms of how to capture these additional dimensions, both in terms of detailed tracking of movements and in-depth data collection of long term decisions or social network influences, surveys have tended to look at only a handful (or often one) of these issues in isolation, especially at the data collection end. Making these links is the key aim of the data collection described in this paper. We conducted a comprehensive survey capturing respondents' travel, energy and residential choices, their social environment, life history and short-term travel patterns. The survey is composed of a detailed background questionnaire, a life-course calendar and a name generator and name interpreter. Participants were also required to use a smartphone tracking app for two-weeks. We believe that this is an unprecedented effort that joins complexity of the survey design, amount of information collected and sample size. The present paper gives a detailed overview of the different survey components and provides initial insights into the resulting data. We share lessons that we have learned and explain how our decisions in terms of specification were shaped by experiences from other data collections.
Introduction
Alongside major theoretical innovations, the field of travel behaviour research has over the last two decades been characterised by a fundamental re-evaluation of what is driving people's travel decisions. This has been accompanied by work into how to capture information on factors going beyond traditional level-of-service characteristics and sociodemographic information, with an increasing embrace of new data collection techniques, in particular based on mobile technologies.
A number of distinct strands can be identified. Perhaps the most prominent area has been the research into the role of attitudes, perceptions and plans (Choudhury et al., 2010; Daly et al., 2012; Molin et al., 2016) . Notwithstanding the criticisms leveled at this area of research over the last two years (Chorus and Kroesen, 2014; Vij and Walker, 2016) , capturing information on such soft factors remains a very active area of research.
A different area of research has encouraged analysts to look at the role of other people, both in terms of joint decision making ) and the influence that someone's social and professional network may have on that person's decisions, even if travelling alone (Dugundji and Walker, 2005; Maness and Cirillo, 2016) . This has again motivated extensive research into how to capture data on the interactions between people in their travel behaviour (Axhausen, 2005; Lin and Wang, 2014; Silvis and D'Souza, 2006) , where a particular focus has also been on the formation and maintenance of social networks and the way in which people interact with those in their network (Calastri et al., 2017c,d; Kowald et al., 2010) .
While much of the above work has looked at the role of such non-traditional (from a travel behaviour research perspective) influences on choices, other research has questioned the wisdom of treating individual decisions in isolation. Much has been made of research looking at the inter-dependencies of travel and activity choices at the day-level (in activity based as well as time use modelling) (Arentze and Timmermans, 2005; Bhat and Singh, 2000) , but it is clearly conceivable that interactions and influences cover a much broader time horizon. Paleti et al. (2013) have simultaneously analysed different short, medium and long term choice dimensions such as residential location choice, car ownership, work location choice as well as commuting mode and distance and find strong interdependencies in the choice continuum. They conclude that ignoring these correlations is not reflective of the true relationships that exist across these choice dimensions. Not only are there likely to be influences by past decisions, often in a seemingly unrelated context (e.g. residential location during childhood may drive mode choice decisions as an adult), but there is also scope for forward looking, e.g. making a commuting mode choice decision now with a view to changing car ownership next year. Some research has looked at inter-generational influences in travel behaviour. For example, Döring et al. (2014) analysed commute behaviour over different generations, finding that attitudes and residential location of the younger members of a family are associated with the same influencing factors as their parents. These are in turn determining the choice of commuting mode.
The final piece of the puzzle has been a very rapid uptake of mobile data collection approaches as well as a growing interest in longitudinal data sources that can help to understand some of the longer term influences. For the former, especially GPS surveys have grown in popularity, and they are rapidly replacing traditional travel diary surveys. The latter, while appealing from the point of view of following the same person over many days, is often beset by poor retention rates as well as a lack of data on short term decisions.
The various developments above are reasons for great excitement in the field. However, as is all too often the case in research, these are individual research efforts by separate communities within the field, with often little or no interaction amongst them, especially at the data collection end. If we accept the notion of a role for social networks impacts as well as attitudes and perceptions, then there is clearly scope for some interaction between the two. The same goes for the interplay between different choice dimensions, both within and across different time horizons. Capturing detailed data of a person's travel decisions using GPS tracking has reduced appeal if we do not at the same time understand the influence of past choices and life events for the same person.
Making these links was the key aim of the survey described in this paper, driven by our own experience of working with datasets from surveys focussing on just one aspect. We conducted a comprehensive survey capturing respondents' travel, energy and residential choices, their social environment and life history and a two-week smartphone app travel survey. Guided by recent efforts in the literature, we try to capture multiple aspects that jointly play a role in shaping travel behaviour, and consider the possibility of interaction with other decisions, such as energy use. At the same time, we also make refinements to the individual components of this overall survey, again driven by our recent insights gained in work using GPS data (Calastri et al., 2017a) , name generators (Calastri et al., 2017c,d) and time use data (Calastri et al., 2017b,e) .
While individual research contributions making use of this data will follow, this paper serves as a resource for other researchers who wish to break away from more onedimensional surveys. We share lessons we have learned and also explain how our decisions in terms of specification were shaped by experiences with other datasets.
The remainder of this paper is organised as follows. The next section describes the different survey components in details. We then discuss the survey protocol and conduct, including the channels used for recruitment, the incentives used and the timing of the data collection. We will also discuss some of the challenges we faced and acknowledge the potential biases implied by the survey tools adopted. In the fourth section, we will describe the sample by providing some descriptive statistics related to the different survey parts. Finally, we will conclude by giving some recommendations to scholars interested in carrying out similar data collections and outline the next steps for the present project.
Survey structure
Our survey was made up of a number of separate components, which we will now look at in turn 1 . The first three components of the survey were completed using an online portal while the final part relied on a smartphone app. These first three components are hereafter referred to as BQ for Background Questionnaire, LCC for Life-course Calendar and NG for Name Generator.
Online survey components
In the first three components of the survey, respondents answered basic background questions, gave an overview of life events and provided a snapshot of their social network. The average time respondents took for completing this part of the survey was 37 minutes (s.d. 42.4).
The background questionnaire
The BQ first collected essential socio-demographic information such as sex, age, education history, personal and household income, country of origin, occupation and marital status.
We next focussed on travel, residential location and energy, as well as susceptibility to influence by other people.
Respondents first provided data on transport mode ownership and usage (including frequency and mode split for commuting), as well as the availability of parking at home, work and other locations. This information is not only later used to prepopulate available options in the smartphone travel app (see Section 2.2.1), but is also crucial in understanding the trip patterns observed there.
They then gave detailed information on residential location and dwelling type, with extensive questions about energy sources (e.g. heating) used, as well as energy saving interventions such as double-glazing and insulated walls. People were also asked about what temperature they set their heating too (if under their control), how frequently they used different home appliances and what waste they recycled. Going beyond simple income questions, we also collected detailed information on monthly expenditure, with categories covering rent/mortgage, grocery, childcare, transport, communication, as well as money spent on utility bills.
The final component of the BQ included questions related to respondents' susceptibility to interpersonal influence, probing for agreement with ten carefully worded attitudinal statements. We used a series of six-points Likert scales ranging from "Strongly disagree" to "Strongly agree". They covered the level of importance that respondents attribute to other people's behaviour, especially in the domain of active travel and environmental friendliness, as well as the importance they attach to how others perceive their behaviour.
The life-course calendar
One important aspect of our survey concerns collecting information about respondents' past choices and behaviour. While such information is often collected in longitudinal surveys, these are affected by poor response rates and fail to make the link with shortterm activities. We instead rely on a life-course or life-history calendar to retrospectively obtain data about events and activities occurred during the life of respondents (Caspi et al., 1996) . Life-course calendars have been used to collect data on many different life events, such as education, employment, family events. Examples of research questions pursued using this type of data are timing of employment, receipt of welfare, marriage, cohabitation and children's schooling (Furstenberg et al., 1987) and timing of work and migration (Anderson and Silver, 1986) . Figure 1 shows the LCC used in the present study. The list of events shown on the left-hand side is pre-populated on the basis of BQ information provided by participants about their education and employment history, their past home location, important relationships, children as well as cars currently and previously owned. We implemented an easy-to-use tool in which respondents simply need to click on any point on the timeline and then drag and drop the blue line to indicate start and end points. Respondents could change the occurrence and duration of events even after creating them in the tool. While all education events were presented, only up to and including the three most recent employments were shown, while, for residential location, only those after moving out of the parents' home were presented in the calendar grid (with others covered in the BQ). The number of years shown in the grid depends on the age bracket of the respondent.
As explained by Freedman et al. (1988) , there are two main advantages of this tool. First of all, the visual and mental relation of different kinds of events provided by the LCC improves the quality of the data by providing reference points and preventing time inconsistencies. Secondly, the visual aid of the calendar tool eases the task of listing a potentially high number of different short events, a task that would be more difficult in traditional surveys. Especially the first point is apparent from Figure 1 . In our example, the year 2007 marked a change in employment, address and relationship. Remembering that these changes occurred at the same time will aid the completion of the survey.
A number of past studies have linked changes in life events to mobility decisions making use of data collected via life-course calendars. Beige and Axhausen (2012) use of a 20-years longitudinal retrospective survey, showing how turning points in life such as relocation or marriage are connected to one another as well as to long term mobility decisions. Similarly, Schoenduwe et al. (2015) observe that half of the changes in the travel mode for work trips coincide with a key life event (in the same year), while this is true for only around 30% of changes in the numbers of cars per household. Our survey allows us to capture such links too.
The name generator and name interpreter
A key area of research activity has looked at the role of social networks in shaping travel decisions (Calastri et al., 2017b; Carrasco et al., 2008b; Lin and Wang, 2014; van den Berg et al., 2013) . This requires a snapshot of the composition and influence of a respondent's network of social contacts.
A NG is a tool originating from the sociology literature used to collect information about egocentric social networks. It takes the form of a table that participants are asked to fill in with the names, nicknames or initials of the members of their social network. A specific survey question is presented, and the specific formulation is instrumental to the scope of the study. Studies making use of NGs to subsequently estimate the number of contacts have suggested an overall network size of around 1,500 (Freeman and Thompson, 1989; Killworth et al., 1990) . In order to have a manageable list of social contacts, most studies do not ask the generic question "Who do you know?" but more specific questions depending on the research objectives, such as "Who are your three closest friends?" or "Who would watch your home if you were out of town?" (Campbell and Lee, 1991) .
The approaches to define the boundaries of the network differ depending on the part of social network that researchers aim to capture. For example, some studies ask respondents to report the names of those with whom they interact during a certain period of time (e.g. Pike, 2014) , while others capture those who are emotionally close to the ego, i.e. an affective approach (e.g. Carrasco et al., 2008c) . Some studies also focused on contacts providing/receiving a specific form of support (e.g. Burt, 1984) .
NGs are generally followed by name interpreters, which gather additional information about the named contacts and their relationship with the respondent, such as sociodemographic characteristics, time they have known the respondent and circumstances where they met him/her, frequency of interaction. A known challenge is represented by finding a balance for the amount of information asked for each social contact, especially as in most surveys the number of social contacts that can be reported is not limited (Marsden, 1990) .
Travel studies have recognised that social networks are likely to be more relevant for travel for social and leisure purposes and have consequently prompted respondent to report the members of their social network who could most likely have an influence on decisions regarding this type of travel, i.e. emotionally closer contacts (Carrasco et al., 2008c) and people with whom respondent spend their free time with (Kowald et al., 2010) . Our recent work (Calastri et al., 2017c,d) , in line with what has been done by e.g. Frei and Axhausen (2007) , has used data capturing using either of these approaches. We see value in combining the two approaches to more fully capture people's network in our survey.
We first adopt the Kowald et al. (2010) approach and ask respondents to report those people with whom they interact outside of work. The exact wording of the NG question is "Please list the people with whom you choose to regularly interact outside of work, either in person or via phone or digital media." Respondents were also told to report just the name and the first letter of the surname (for privacy reasons). In the next line, they could also read "We provide you with 30 spaces below, but please feel free to use just as many as you need, and focus on who you normally stay in contact with". An example is shown in Figure 2 . In this first screen, respondents were also asked to specify the type of relationship with each of their social contacts from a drop-down menu. The possible options were Partner/spouse, Parent, Sibling, Friend, Other relative, Colleague, Other acquaintance. Thirty lines were available in this screen for respondents to list their social contacts, but if needed, they could add ten additional spaces by clicking on a "I want to add more people" button at the end of the page. Upon selecting the "All relevant people entered" option, an additional prompt was used to ensure respondents had not omitted anyone by asking "Is there any person with whom you spend time or you have an affective relationship that you did not include in the list?", thus seeking to also capture the angle covered by Carrasco et al. (2008c) .
After completing the NG part, the survey moved to the name interpreter questions. For each social contact, the respondent was required to select the sex, age range, city in the United Kingdom (or state whether the person lived abroad) and frequency of interaction in person, by phone (separately by call and text), by email and by online social networks. Seven different categories were possible for the frequency of interaction, ranging from "Multiple times per day" to "Never".
Smartphone travel and activity app
After completing the three online survey components, respondents were invited to download and install a smartphone app which would collect data on their travel and activities for a period of two weeks.
rMove
The use of mobility apps as an alternative to paper based diaries has increased over recent years. They have the advantage of automatic and accurate collection of location and duration information for trips, and the potential of reduced respondent burden by learning about regular trips over time. This can potentially reduce problems of respondent retention over a longer survey period. The collection of multi-day data has great advantages in that it allows to observe habits and patterns in time use and travel that give a complete picture of real-life behaviour (Jara-Díaz and Rosales-Salas, 2015; Minnen et al., 2015) . A growing number of smartphone based GPS apps are available, where our work made use of a heavily customised version of rMove (Resource Systems Group, 2017) , an app previously used in several US-based household surveys (e.g. Greene et al., 2016) . The app was adapted for the specific needs of this survey, both in terms of suitability for the UK context 2 , and to meet our specific requirements, in particular the links with other survey components.
Participants were invited to download the app from GooglePlay TM or iTunes TM immediately after completing the online survey. They then received a personal activation code by email approximately 24 hours after completing the survey, which ensured that the app interface was customised for each specific respondent. This made use of BQ and NG data on vehicle availability and social network members, helping survey engagement by making the app relevant to each person while also improving the accuracy of the data we collected.
rMove passively records travel data such as position, speed and route using multiple sensors, including GPS. For each completed trip, participants are asked to fill in short surveys, asking them questions about their travel mode, trip cost (if the trip was by taxi or public transport) and trip purpose. Over time, the app starts learning about regular trips and prepopulates the answers and only asks the respondent to confirm. Maps are used to help recall but also to allow users to add stops or correct a trip, if not displayed correctly. Figure 3 shows screenshots from the iOs version of the app where a trip is first displayed, then the respondent is asked to confirm whether the trip is correct and then to answer questions about the trip mode and purpose. Respondents were asked to indicate who was with them during the trip, and, in the case of a leisure or social activity, whether someone joined them at destination. They could select contacts that they had listed in the NG as well as indicate that other people were present. The time burden required by the app varied depending on individual levels of travel activity, but decreased over time as the app started learning about frequent trips and destinations.
The app also contained a specific feature to collect information about in-home activities. Each day, respondents were asked to indicate which activities they performed while at home during the previous day. The list included cooking, cleaning, do-it-yourself (DIY), eating, exercising, playing games, listening to music, online activities, talking on the phone, reading, socialising, watching TV, working. Twice a week, on a weekday and on a weekend day, respondents were also asked to indicate the time intervals during which such activities were performed, as well as the home appliances used.
The feedback system
As mentioned above, one of the rising trends in travel behaviour research looks at understanding social influences on travel and activity behaviour. We specifically looked at the role of feedback in this context, with a view to understand how respondents could be nudged to change their behaviour.
The sample of respondents was split into three different groups (or treatments). The first (control) group used the app for two weeks without receiving any feedback information. The second (treatment 1) group used the app for one week and then received a digital feedback sheet on their activities. This contained a breakdown of the time spent travelling per day by each mode, and the resulting CO 2 emissions as well as calories burnt by active travel. An example of the feedback received by this group is shown in the left panel of Figure 4 . The third group (treatment 2) received a similar feedback sheet (see right panel of Figure 4 ), with the difference that the respondents in this group could compare their performance with other respondents taking part in the study. In particular, the comparison was made with people who were "similar" to the respondent in term of socio-economic status. This approach was inspired by studies such as the Quantified Traveller (QT) experiment (Jariyasunant et al., 2014) , which combined the use of a tracking app and the online social feedback system. The QT study was focused on testing the Theory of Planned Behaviour and therefore largely focused on attitudinal questions, while we aimed at investigating changes in behaviour occurring during the second week. Moreover, we included a control group and work with a larger sample, overcoming some of the limitations of that study.
Data collection and post-pilot changes
The data collection for the present survey started in November 2016 and ended in April 2017, after two pilot studies aimed at testing the different survey components, one in January 2016, mainly involving University staff and students, and one in April-May 2016, for which a sample of 70 people in the city of Leeds were recruited. Different incentive structures were also tested and respondents were asked to provide feedback on this specific point. A detailed description of the recruitment strategy for the main survey is given below, after we cover some of the changes made after the pilot survey.
Insights from pilot survey and subsequent changes
Our survey represents a very rich and complex data collection effort, where a vast amount of information relating to different choice domains are gathered from respondents, and important trade-offs between the amount and quality of information needed to be considered. As expected, changes and modifications had to be implemented with respect to the initial survey design, and several parts of the BQ and LCC were cut or shortened to minimise respondents' burden and focus on aspects deemed more important for our research objectives. The initial survey design differed from the final implementation, and we wish to share some of the challenges we faced, hoping that this might help researchers overcome certain obstacles in future efforts. In addition, the survey tools adopted in the present data collections imply potential sources of bias that we wish to acknowledge, explain how we addressed these and make suggestions about areas where methodological contributions are most needed in the future.
Sampling technique
Our initial sampling plan focussed on the use of "snowball" technique, which can help capture population-wide social networks. In this sampling method, initial respondents or "seeds" are asked to name their social contacts who are subsequently invited to take part in the survey themselves and then asked to also recruit the members of their network. This procedure can be repeated for a given number of iterations, until the desired sample size is reached (Kowald and Axhausen, 2014) .
Due to ethical constraints, we could not collect the contact information of the alters and therefore we could not invite them to take part in the survey, an approach at least partly applied in the Swiss study described by Kowald and Axhausen (2014) where respondents could choose to send out the invitation cards or rely on the research team for this. We encountered strong resistance from respondents to agree to send the email to their social contact at the end of the survey. Focus groups and interviews carried out after the pilots revealed that the main worry of respondents was to disturb their social contacts by sending them the survey and making them feel morally obliged to complete it. We believe that a cultural difference between the UK and Switzerland may be at play in this case, as the respondents' motivations seemed to go beyond personal burden or privacy concerns, but relate to social norms.
It is important to notice that while snowball sampling has been applied in the UK, this has been done with the aim of investigating hidden populations, such as criminal gangs (Patrick, 1973) , non-heterosexual women (Browne, 2005) and lone mothers (Duncan and Edwards, 1999) . To our knowledge, there is no study that was not aimed at capturing such a hard-to-reach population which successfully collected a snowball sample in this country. The main phase of the survey thus relied on a single level egocentric sampling approach.
Incentives
A study requiring such a level of involvement needs to provide adequate incentives to make sure that respondents will sign up and complete the survey. Several different incentive structures have been attempted in the pilot studies. Similarly burdensome research studies provided monetary incentives to each participant (Greaves et al., 2014; Kowald et al., 2010; Montini et al., 2014) . In particular, Kowald and Axhausen (2014) argue that a monetary reward is the best way to incentivise participants due to its universally understandable nature. We rewarded all respondents who completed the entirety of the survey with a £25 shopping voucher.
Number of contacts reported in the name generator
The NG provides respondents with a limited number of spaces to report their network. As specified in Section 2.1.3, respondents in the final version of the survey are initially provided with 30 lines to input the names of their social contacts, and they can use 10 extra lines if needed. Such upper limits were designed on the basis of survey testing and findings from previous studies. Participants in a study in Toronto (Carrasco et al., 2008a) reported a mean of 23.76 alters; a study in Chile, surveying affective networks including both very close and somewhat close social contacts, reports a mean network size of 22.24 (Carrasco et al., 2013) , another study in Eindhoven, based on a 2-day interaction diary and a social network survey, reports an average network size of 23.28 alters (van den Berg (Frei and Ohnmacht, 2016) 14 in a snowball survey (Kowald et al., 2010) .
Given these figures, in our pilot we presented respondents with 15 slots that they could fill in with names of their social contacts (so that the layout could be easily accommodated in a single screen of an internet browser). If needed, they could add 10 additional slots, up to a maximum of 60 spaces, a number rarely reached in previous studies. We observed that the tool we provided had an effect on the number of contacts that participants were naming. Figure 5 shows that when 15 slots where shown, a large number of respondents listed 10 or 15 contacts. While resulting from a small sample, this statistics gives us an indication of the fact that respondents might have felt like they needed to fill the grid they were provided with, or provide a round number of contacts. In a number of pilots studies, we observed that respondents never named more than 30 contacts, therefore the final version of the survey offered 30 spaces, with the possibility to add an additional 10, for a maximum of 40. As visible from the orange line in Figure 5 , in the final survey we again observe a peak at 30 named contacts. We believe that this is a bias due to the instrument in question that could not easily addressed in the present study, but indeed requires further attention in the future. In both the pilot and the final survey, several respondents also only list one contact. While this will require further investigations, it could be due to fatigue effects.
Smartphone app issues
A well-known issue with surveys making use of smartphone apps is that of battery drainage. The reported travel activity could be affected by issues such as flat batteries or users turning off localisation services to preserve power, especially during days involving substantial travel activities. Unfortunately, the app does not allow us to check whether this is the case. Participants could have also actively prevented tracking for privacy concerns while performing specific activities. These issues are common to all studies making use of travel apps, and our decision to use such a tool is motivated by the fact that we concluded that smartphone apps were a better option than traditional travel diaries and GPS loggers. The former have indeed been shown to imply under-reporting in the number of trips (Wolf, 2006; Zmud and Wolf, 2003) . Bricka and Bhat (2006) report descriptive results from a study comparing the number of trips reported by Kansas City drivers in a CATI survey versus those recorded by the GPS devices. They found that 71% of respondents accurately reported all their trips, 29% missed at least 20% two trips, 10% three trips, 5.5% four and 14.5% missed 5 or more trips.
Traditional diaries have also been shown to result in overestimation of trip durations (Kelly et al., 2013) and other inconsistent or missing trip information as well as missing route choice data (Bhat et al., 2005) . Studies using GPS loggers underlined the fact that participants found it hard to remember to carry the device with them Bohte and Maat (2009), while personal smartphones are rarely forgotten. We address the issues resulting from the data collection process at the data processing stage, censoring those participants who are likely to have not properly used the app.
Recruitment strategy
Participants were mainly recruited in the greater Leeds (UK) area, although people living elsewhere in the UK were also invited to take part. Participants were recruited through a number of different means. Our most reliable source came in the form of the Leeds Citizens' Panel, a repository of Leeds residents willing to engage in surveys and administered by Leeds City Council. A related group of people consisted of Leeds Council staff. We also made use of a number of commercial and community mailing lists as well as paper-based flyers and letters, manually distributed in the Leeds area. Flyers were mainly distributed in the city centre of Leeds, while letters were posted in a representative range of residential areas. A limited number of students were invited to participate by distributing flyers on campus at the University of Leeds.
As the present project is research-driven, the sampling strategy aimed at collecting a sample entailing a good variety in terms of socio-demographic characteristics as well as mobility and activity behaviour, rather than achieving representativeness of the population. The mere fact that respondents were supposed to use their own smartphones certainly implies a selection bias, probably leading to over-sampling of younger and highincome people. This is confirmed by statistics for the UK showing that older individuals from lower social grades are substantially less likely to own a smartphones than younger people from higher social grades (Local Level UK, 2014).
Previous experience suggests that long duration surveys can only succeed if the research team can gain respondents' trust (Kowald and Axhausen, 2014; van den Berg et al., 2009) . In order to achieve this, the recruitment material (e-mail/flyer/letter) contained detailed information about the research team, the importance of the project for scientific research, the type of commitment implied by taking part and the incentive provided. Details were also given on the ethical clearance obtained for the survey. Respondents were able to contact the research team via e-mail, phone (both by call or text message) at any time and the team would respond promptly. Respondents needed to fulfil a number of criteria to be suitable to take part in the study. They needed to be aged 18 and over and own an Android or iOs smartphone with a phone data plan (for the smartphone app). Table 2 shows the total number of people contacted and recruited as well as a breakdown of completion rates by survey component. As expected (given the highly burdensome nature of the study), the overall response rate is low, 2%. A low response rate should not come as a particular surprise for a survey of this nature, both given the amount of data collected, the type of information collected off respondents, and the time horizon over which respondents need to stay involved in the survey.
The number varies across recruitment sources, with very poor performance of flyers and letters and commercial mailing lists and good performance of the Leeds City Council mailing list and Leeds Citizens' Panel. In some ways, these differences are expected, given that respondents who have signed up to community mailing lists and citizen panels are likely to be more open to participating in surveys, where the same also applies to council staff who have a greater interest in local affairs. These are cases where the message was sent by a source deemed trustworthy by the recipients, and this probably helped respondents believe that the survey was worth their attention and that there were guarantees that they would be rewarded upon completion.
The average retention rate throughout the survey is 26%, and we observe more stability in this statistic across recruitment sources.
The work of Axhausen et al. (2015) seeks to establish a relationship between response burden and response rates. The approach used is to compute a response burden index (RBI) as a function of the number and types of questions asked. A comparison across numerous studies can then be used to establish a quantitative relationship between this response burden score and the response rate.
This approach is particularly appropriate for surveys with a uniform format across respondents and with specific types of questions, such as stated choice. In these surveys, the response burden is driven by the survey design and it is then natural to expect lower response rate from more burdensome surveys. In our survey, this rationale particularly applies to the BQ, for which we obtain a RBI score of 173. The response rate for this part of the survey is equal to 81.1%, which is slightly lower than the one predicted using the tool described in Axhausen et al. (2015) .
However, in the NG and LCC, the response burden is driven by the respondent rather than the survey itself. More importantly, higher survey engagement leads to increased burden. As an example, a respondent who names more alters will also need to answer more questions about those alters. The same goes for the LCC, where more reported events leads to a greater burden. Finally, respondents who use the smartphone app as required will again face more questions and need to provide more data. For the components other than the BQ, there is thus no easily justifiable way to determine the response burden given that the number of questions asked is a direct function of survey engagement. Table 1 shows that increased burden correlates positively with increased participation for those components of the survey that are not uniform across respondents (the LCC, NG and rMove). In the table, we show the average completion time for the entire online survey ("Response time") and for the BQ only ("BQ response time"). This table shows that there are no substantial differences in the time taken to complete the BQ between the people who only complete the online survey and those who also use the smartphone app. This makes sense, as the burden is constant for this part of the survey. But when looking at the time taken to complete the entire online survey (which also includes the LCC and NG) we see that those who then also use the app (and therefore are more involved with the survey) take longer also to complete the online survey, showing that there is a link between the respondent driven burden and involvement. As a further example, we see that respondents who complete the online survey and RMove name on average 10.98 alters in the NG, while for those who do not complete RMove, this figure is only 9.48. The number of life-course events is also higher for those that complete RMove, at an average of 13.81 compared to 13.25.
Nevertheless, if our interest was to purely predict response rates for the different components of the online survey, we believe that we could make reasonable assumptions based on previous work or available statistical data and compare the predicted response rates with those obtained. Therefore, we computed the RBI for the LCC drawing on available UK statistics about the number of residential locations, cars, relationships and for the NG making the assumption that people would name 14 alters (like in Kowald et al. (2010) ). We obtained an RBI for the LCC and for the NG, respectively, of 128 and 392, corresponding to predicted response rates of 80.3% and 66%, just slightly higher than the real percentages we observed in the survey work. 
Preliminary sample analysis
In this section we present overall sample characteristics, with particular attention paid to the differences between the groups of people who reached different levels of completion of the survey. This will allow us to assess whether survey engagement can be related to differences in participants' characteristics. Table 3 reports the main socio-demographic characteristics of respondents collected in the BQ, split by the level of advancement in the survey, i.e. for people who only completed the BQ, for those who also completed the LCC, the NG and finally for those who completed the survey in all its parts, including using the smartphone app for two weeks. Table 3 shows that the sample includes a high share of women, young people and people with a high level of education. The average age of the sample, computed by using the midpoint of each category, is 39.5. Many surveys tend to have a higher share of women than men, and we believe the low number of elderly people was to be expected given the format of the research, including an online survey and a smartphone app.
Background Questionnaire
We find that the percentage share of the different socio-demographic characteristics remain fairly stable across different people who have achieved different levels of survey completion, except for the levels of car availability, where we see a higher share in the group who reach the final stage of the survey. There is clearly a possibility that this higher rate is a reflection of greater survey engagement with the car ownership question. Table 3 : Socio-demographic characteristics -comparison across survey completion stages Overall, the stability in socio-demographics characteristics is reassuring in that we see that there are no major underlying differences in respondents who drop out or stay in the survey for its whole duration. Approximately 65% of the recruited participants were from the greater Leeds area, reflecting the fact that several local recruitment channels were used, as discussed in Section 3.2. Approximately 10% of the sample lived elsewhere in West Yorkshire, while the rest of the sample was from elsewhere in the UK, with clusters in major cities such as London. 
Life-course Calendar
We now turn to a detailed descriptive analysis of the other parts of the survey data.
In each case, we include in the statistics all the people who have completed up to that specific component, i.e. for example in the descriptive statistics of the LCC data, reported in Table 4 , we use a sample of 1,290. This table shows different life-course changes (listed as column headings) and the mean number of occurrences by age group and gender. We also report the shares the different age and gender groups in the sample. As expected, the highest percentage of respondents still living with their parents belongs to the age group 18 − 24, followed by the group 25 − 29. Somewhat surprisingly, about 13 respondents in the age range 60 − 65 stated that they live with their parents, but this might be the case of people who took elderly parents in their home. We asked participants to state how many times they relocated while living with their parents. We observe that over 60s report the highest means (with relatively high standard deviations) as well as people in the 25 − 29 group, but statistical testing shows that there are no significant differences across age groups in this specific event. As expected, a rising number of long-term partners (defined as partners with whom a person has lived with) is reported with increased age, except for the age group 60 − 65. The same is true for the number of children and the number of jobs, while the 60 − 65 age category reports the highest number of cars owned during the life course. Statistical testing shows that the differences across age groups are significant, as expected.
There are no significant differences in the distribution of life-course events across men and women, except in the case of car ownership, where women own significantly fewer cars than men over their life.
As in the case of the socio-demographics characteristics, we have prepared two additional versions of Table 4 : one including the participants who have completed the entire online survey and one only included those who have in addition used the rMove for two weeks 3 . We also tested whether people who have completed different stages of the survey are different in terms of average number of the different life-course events. Our results show that, for all events except number of people still living with parents and number of relocations while living with parents, there are significant differences at the 0.05 level. We believe this depends on survey involvement, as the events where the differences are present are those that involved inputting more information in the LCC, a relatively demanding and time consuming task.
Name Generator
Tables 5 and 6 report descriptive statistics for the NG and name interpreter data. In particular, Table 5 shows, depending on the gender of the ego (i.e. the participant whose social network is analysed), the number and share of alters (i.e. social contacts) of each gender were listed in the NG. As expected, we observe that people are more likely to report alters of their own gender. This gender homophily was confirmed to be significant by statistical testing. The rightmost coloumn of the table represents the total number of contacts reported, showing that female egos reports slightly more contacts than male. The same type of information is displayed in Table 6 for the age of the egos and alters. We can see that there is a high age homophily, meaning that people report a high number of social contacts of their same age group. This finding was also confirmed by statistical tests of significance.
As in the previous cases, we compared these two tables with the corresponding ones including only those respondents who not only completed the online survey, but also used the smartphone app for two weeks 3 . We found significant differences in the number of contacts by gender and by all age categories except 40 − 49, 60 − 69 and over 70. As part of our ongoing work, we plan to survey our respondents again at different points in time to observe changes that may have occurred since the main data collection took place. At this stage, for illustration purposes, we have performed a pilot recall survey aimed at understanding changes in social network over time and limitations in the use of the NG to address such survey question. Studies such as Calastri et al. (2017c) and Sharmeen et al. (2016) have used network data collected at different points in time using name generators, to study the stability and changes in social networks. Especially when the period of time between the two surveys is extended, recall issues may emerge and it might be difficult to distinguish people who are no longer part of the network from those who have been forgotten. On the other side, showing the initial NG at the moment of the second survey and asking people to confirm that the network is unchanged may lead to bias. For this reason, we adopted a different approach. In July 2017 we recontacted 10 people who had been surveyed in November 2016 and asked them to complete the NG from scratch. Once completed, we showed them the NG they filled out in November, and asked them to match the names of the people who were in both lists. If there was a perfect correspondence, the survey ended. This did not happen for any of the respondents. For the contacts who had only been reported in November but not in July, we asked if they were still in touch. If not, we asked for the reason why. For those people who were only reported in the July NG, we asked whether they were new social contacts, or if they were already known to the participants in November, but had been forgotten in the NG at the time.
The average network size of these 10 people was 12.9 in November and 11.2 in July (not statistically different) and they on average matched 8.4 contacts. On average, there were 4.2 contacts who had not been named in July but with whom they were still in touch and 0.2 who were not named and with whom they were actually not in touch any more. While the former were spread across the sample, the latter were 2 contacts of a single participant, lost because he/she went to university. In addition, there were on average 2.6 people who were only named in the July list but were actually known in November already, spread across the sample, while only 0.1 (1 alter from one ego) was a new contact. The present sample is of course very small, and a larger recall study is needed for any significant conclusion. Nevertheless, we find the results quite striking, as they highlight serious limitations of the NG tool for eliciting social networks, suggesting it suffers from severe recall issues.
Smartphone travel and activity app
As shown in Table 3 , 452 respondents used the smartphone app rMove for two weeks. A total of 40, 672 trips were recorded, for which participants had to answer different questions, as explained in Section 2.2.1. 84.71% of trips were recorded correctly, and for 81.1% all details were provided by respondents. 12.34% of total trips were marked by users as GPS errors and 2.95% as other errors (e.g. the app recorded a movement when the person did not actually move). This implies an average number of daily trips of approximately 5.45, which is substantially larger than the figure reported by the National Household Travel Survey of 3.79 (U.S. Department of Transportation, 2009). This difference comes as no surprise after multiple data collections taking place in different geographical locations have found trip under-reporting when data is collected via traditional diary methods (Bricka and Bhat, 2006; Stopher et al., 2007; Wolf, 2006) . Table 7 shows the share of rMove trips by purpose 4 , where the most common destination is home or work, followed by social (all non-work activities that involve other people, such as going out and spending time with the family) and shopping (including both groceries and other shopping). Thanks to the link with the NG, we were able to determine that 55.63% of the trips were made by participants on their own, 15.62% were conducted only with people listed in the NG, 17.03% with both contacts from the NG and others, and the remaining 11.73% of trips was conducted with contacts unreported in the NG only. As discussed in Section 4.3.1 above, these contacts could be people who are part of the network but respondents have forgotten to name them, or someone they do not normally spend time with, and who therefore have not been reported in the NG. Table 8 reports the share of trips by each mode, showing that most trips are performed by car and on foot. While the share is much lower, urban buses are used more than other public transport modes. This is to be expected in Leeds, as there is no metro/light rail service in the city. Rail trips are mainly non-urban, as the distance also shows. Modes other than those listed were grouped together, where the occasional presence of trips by plane pushes the mean distance (186.40 km) upwards. 
Summary
Recent work in transport research has increasingly tried to broaden out beyond traditional areas such as mode choice or car ownership and has tried to position travel decisions within the broader life context. However, while important progress has been made in terms of how to capture these additional dimensions, both in terms of detailed tracking of movements and in-depth data collection on long term decisions or social network influences, surveys have tended to look at only a handful (or often one) of these issues in isolation. The ERC funded DECISIONS project set out to instead collect data in a unified approach by jointly looking at numerous dimensions. We believe that this is an unprecedented effort that joins complexity of the survey design, amount of information collected and sample size. The present paper has given an overview of the different components of this survey and provided initial insights into the resulting data. The full dataset will be made publicly available at the end of the DECISIONS project in 2020.
The survey was made up of two different components, an online survey and a smartphone tracking app. The online survey was in turn divided into three elements, a background questionnaire, a life-course calendar and a name generator & name interpreter. These different tools were used to capture different aspects of participants' lives, including travel and energy choices, life-course events, social networks and short term activity and mobility behaviour. The level of complexity goes beyond what is typically expected of survey respondents, and the rate of retention across different survey components is consequently lower than in many other studies. Here, it is worth noting that we not only faced the challenge of retaining respondents throughout a long and demanding survey, but that our approach, by linking different parts of the survey (e.g. the social network and the smartphone application) to capture the complexity of real-life behaviour, asked respondents to disclose a vast amount of data about their life and habits. Nevertheless, we end up with a usable sample of respondents who completed all parts of the survey, and initial analysis of the data shows high quality information and crucially allows us to understand the links between short-term and long-term decisions for the same individual while also making links with his/her social network.
We believe that the experience gained by designing and implementing the present survey allows us to formulate a few recommendations that will hopefully be useful to other researchers who will attempt to collect similar datasets in the future. These are listed below:
• When presenting a long survey, it might be useful to build links between the different parts, and generate contents on the basis of the answers to previous questions. This gives a sense of continuity and fosters involvement.
• Using multiple recruitment approaches is advisable, as it helps minimise the risk of low retention rates. In particular, using sources that respondents trust or developing methods to gain respondents' trust (providing plenty of information, direct lines of support) is a recommended approach, especially when many questions about respondents' lives are presented.
• Monetary incentives are preferred to other forms of incentives (such as prize raffles). The incentives need to be adequate, but as suggested by others in the literature, do not need to pay for participation time, and the primary motivation should be communicated in terms of contribution to research/policy.
• When using a travel and activity app, extensive testing is recommended to avoid respondents facing malfunctioning, battery drainage and other issues that might lead them to abandon the survey. Moreover, a good level of customisation provides a more enjoyable experience and can help retention.
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